Remote monitoring of patients with heart failure (HF) using wearable devices can allow patient-specific adjustments to treatments and thereby potentially reduce hospitalizations. We aimed to assess HF state using wearable measurements of electrical and mechanical aspects of cardiac function in the context of exercise.
H
eart failure (HF) affects 6.5 million Americans and contributes to ≈300 000 deaths per year. 1 There are >1 million hospital discharges for HF annually and, although many efforts have been made to reduce these hospitalizations, the number has remained relatively constant during the past decade. 1 Moreover, after hospitalization, nearly one fourth of all patients with HF are readmitted within 30 days, and at least half of these readmissions are because of HF.
2 Such hospitalizations greatly impact mortality rates, with the risk of death increasing significantly after hospitalization, and more so with longer duration of hospitalization or repeat hospitalization. 3 The most common factor associated with HF-related hospitalizations is congestion 4, 5 because of elevated left ventricular filling pressures, 6, 7 leading to symptoms such as dyspnea, edema, and fatigue that usually occur only a few days before hospitalization. 8 Although treatment during hospitalization reduces signs and symptoms of congestion, even at discharge, nearly half of patients with HF still show such signs and, in fact, this subset of patients has been demonstrated to be at a significantly higher risk of readmission and long-term mortality. 9, 10 Accordingly, the monitoring of patients with HF after discharge to proactively manage their care has been recognized as an important need, 11 and multiple tools have been developed and evaluated for this purpose.
Approaches for outpatient HF monitoring have included daily weight measurements and telemonitoring of patient-reported symptoms and vital signs, 12, 13 natriuretic peptides, 14 noninvasive bioimpedance monitors, 15 implantable bioimpedance monitors, 16, 17 and implantable hemodynamic sensors. [18] [19] [20] Other than the direct measurement of intracardiac filling pressures using implantable sensors, none of these approaches has successfully shown improvement in outcomes for patients with HF in large randomized controlled trials. Unfortunately, implantable pressure sensors are invasive, hampering patients' enthusiasm for their use, and the cost of each implant is >$20 000. Thus, there are millions of patients with HF worldwide who still lack an effective solution for adequate, remote proactive care.
A noninvasive and inexpensive alternative capable of measuring relevant hemodynamic parameters associated with HF worsening could significantly advance home HF management. However, there is no tool available for noninvasive measurement of filling pressures and, thus, a more indirect approach must be designed.
We propose wearable measurements of cardiovascular hemodynamics before and after a controlled dosage of exercise-the 6-minute walk test (6MWT) 21, 22 as a means of noninvasively assessing hemodynamic changes at home. 23 Specifically, we measure the seismocardiogram signal, which represents the vibrations of the chest wall in response to the movement of blood through the arterial tree, and the movement of the heart in the chest. 24, 25 The seismocardiogram consists of waves in the time domain that have been shown, using echocardiography as a reference standard, to correspond to aortic valve opening and closing events, as well as the rapid ejection of blood into the aorta. 25 In healthy subjects, exercise leads to substantial changes in the shape and timings of the waveform: for example, the shortening isovolumetric contraction time associated with increased sympathetic tone compresses the seismocardiogram waves in time and thus increases the high frequency components. 26 Our main hypothesis was that the changes in the signal associated with the 6MWT would be significantly less for decompensated patients with HF as compared with compensated patients because the decompensated patients have less cardiovascular reserve to increase their cardiac performance in response to the exercise challenge.
Changes in intracardiac filling pressures relate to changes in stroke volume to maintain the Frank-Starling curve, and therefore assessing changes in cardiac contractility can give an indirect assessment of intracardiac filling pressures. 27 Exertional intolerance is a hallmark of both HF with reduced and preserved ejection fraction and is known to worsen as a patient's condition progresses. One proposed mechanism for the exertional intolerance is the lack of cardiovascular reserve as demonstrated in studies where patients with HF were unable to increase cardiac output with dobutamine infusion. 28 With worsening hemodynamic congestion,
WHAT IS NEW?
• Existing wearable devices are limited to the measurement of actigraphy and ECG signals, which do not provide actionable information for this patient population.
• This article describes an initial study where cardiogenic mechanical signals are measured with a wearable patch, and these signals-measured in the context of exercise-are shown to provide discriminative value in terms of assessing the state of heart failure patients.
WHAT ARE THE CLINICAL IMPLICATIONS?
• Remote monitoring of patients with heart failure at home using wearable devices can allow titration of care and thereby potentially reduce hospitalizations.
• The approach described here can be leveraged in future studies to monitor patients at home and determine whether the measured signals and their associated features extracted using graph mining algorithms can provide specific and sensitive prediction of worsening state and risk of exacerbation.
the β-receptors are downregulated, and the sensitivity of the myocardial responsiveness to β-stimulation is blunted; thus, during a stressor (ie, exercise), myocardial contractility cannot be increased successfully to meet the increased body demands. In this work, we aimed to derive a noninvasive physiological biomarker related to cardiovascular reserve for patients with HF who could be quantified based on wearable seismocardiogram measurements. Specifically, we developed an analytic graph mining-based approach to measure spectral domain similarity of seismocardiogram signals before and after a 6MWT using a wearable patch to provide a noninvasive assessment of the intracardiac hemodynamic changes related to the HF state.
METHODS
The data that support the findings of this study are available from the corresponding author on reasonable request.
Wearable Patch Hardware
Unlike impedance based measurements, seismocardiogram is not confounded by fluid shifts in the body and does not require the application of a large number of electrodes on the chest. We measure the seismocardiogram signal using a custom wireless patch 26 mounted at the midsternum that includes an ultralow noise triaxial accelerometer to capture the 3 components of the signal: dorso-ventral, head-to-foot, and lateral accelerations, as shown in Figure 1 . The chest vibrations produce a repeatable signal shape that includes peaks corresponding to key events of the cardiac cycle.
The wearable patch (7 cm diameter×1 cm thickness, 40 g weight) is mounted to the patient's chest midway between the suprasternal notch and the xiphoid process using 3 Ag/AgCl adhesive-backed gel electrodes (Red Dot 2560, 3M, Maplewood, MN). The patch includes electronics for measuring ECG signals from these electrodes, as well as seismocardiogram signals using a triaxial microelectromechanical systems-based accelerometer (BMA280, Bosch Sensortec GmbH, Reutlingen, Germany). The data from these sensors are sampled at 500 Hz and stored on a micro secure digital card. The overall battery life of the system is 50 hours between charge cycles, thus allowing 24-hour around-the-clock recording including possibly during sleep. The combination of high-resolution acceleration measurements from the chest to facilitate high quality wearable seismocardiogram signal capture and extended battery life to enable long-term monitoring was enabled by cutting edge embedded systems hardware and firmware design. A detailed description of the patch design and validation is provided in Etemadi et al. 26 
Study Protocol
Under a protocol approved by the University of California, San Francisco, and Georgia Institute of Technology Institutional Review Boards, patients with HF were enrolled from the outpatient HF clinic or from the inpatient cardiology service: the patients were stage C, not stage D advanced patients with HF. There were no restrictions in terms of ejection fraction, renal function, or use of intravenous medications (including inotropes) for this study. Patients were classified as compensated or decompensated based on the individual clinician assessment, which was derived from patient symptoms and physical examination findings (summarized in the Table) . The compensated patients were assessed at the time of the outpatient clinic visit whereas the decompensated patients were assessed on the day of admission during their hospitalization before effective decongestive treatments had been used. Six decompensated patients had the measurements performed both shortly after admission and on the day of discharge.
On providing written informed consent, each subject was fully characterized based on echocardiography, serum biomarkers, symptoms, and medical history. The wearable patch was affixed to each subject's sternum, and after an initial 60 seconds of rest, baseline physiological measurements were obtained. After these measures, the subject performed a 6MWT, where the standard protocol was followed by the study coordinator in terms of describing the procedure to the patient and observing the test. 29 The distance walked by the subject was measured and converted to a percentpredicted 6MWT distance. 29 After completing the 6MWT, the subject was asked to stand still for 5 minutes (recovery phase) while the physiological data were measured using the wearable patch. A, The SCG signal represents the vibrations of the chest wall in response to the movement of the heart and blood with each heartbeat. SCG is measured using a miniature, 3-axis accelerometer, typically positioned on the midsternum. B, The SCG signal consists of vibrations in 3 axes: head-to-foot, dorso-ventral, and lateral. C, A custom, small, wearable patch for measuring SCG and ECG signals was designed. The patch is placed on the chest using 3 gel adhesive electrodes and stores data locally on a micro secure digital card. The low power design allows for >50 h of continuous recording and use without recharging the battery.
Noninvasive Physiological Biomarker Quantification
The main goal of proposed methodology is to quantify the spectral domain similarity between the measured seismocardiogram signal (as a surrogate of cardiovascular hemodynamics and cardiac contractility) before and after a 6MWT. We expect that the quantified similarity can allow for phenotyping of patients with HF as compensated or decompensated. Conventional approaches to such a problem typically involve extracting time intervals or amplitude measurements from the seismocardiogram signals before and after exercise and quantifying the changes in the waveform associated with the 6MWT. However, such approaches can be confounded by noise because they rely on the accurate detection of particular features in the signal, rather than examination of underlying structural characteristics of the signal. The novel methodology we are proposing here involves 2 main steps: (1) pre-processing and feature extraction, and (2) graph similarity computation. By computing the similarity score from the graph representing the structure of the data in the spectral domain, we anticipate that a more robust biomarker can be extracted from the physiological data. The overall workflow for the proposed approach is presented in Figure 2 .
Pre-Processing and Feature Extraction
For pre-processing the signals, first linear filtering was applied on the captured seismocardiogram to reduce out-of-band noise (bandwidth: 0.8-35 Hz [ECG and dorso-ventral seismocardiogram], and 0.8-20 Hz [lateral and head-to-foot seismocardiogram]). These filter bandwidths were selected such that low frequency baseline wander because of respiration and higher frequency noise and artifacts associated with valve closure acoustics were removed from the signals while still preserving the key morphological features of the seismocardiogram. The extracted waveforms from each axis were then averaged to obtain traces with attenuated movement artifacts and uncorrelated noise (Figure 2A ). Although such averaging across axes removes the possibility of extracting axis-specific information from the seismocardiogram signal, the focus in this article was to reduce the noise to the extent possible and fuse the 3 axes into the overall graph-based analytics accordingly.
For each subject, the filtered (and averaged) seismocardiogram signals (SCG D
3
) of rest and recovery (for the first 60 seconds) were extracted and separated. Next, we normalized both signals to follow a distribution with zero mean and unity variance. This mitigates any differences in signal amplitude that may result from variability in mechanical coupling of the sensing system to the chest from person to person or moderate compromise in the interface after exercise because of sweating and slight changes in the electrode adhesion. The normalized signals were then segmented using a window size of 1000 ms with 50% overlap, resulting in N RES and N REC segmented windows from the rest (RES) and recovery (REC) phases, respectively. Note that the considered window size was selected heuristically to allow for any cardiovascular signatures to be present within a given window.
Next, we computed the Fourier transform 30 on each window of N RES . The absolute value of the frequency domain components in different frequency bands were considered as features for each window. For each frequency band, the median of extracted features through all the windows were calculated. This generated a feature vector X = … { } 
Graph Similarity Score Computation
To quantify structural changes in the seismocardiogram signal before and after a 6MWT (rest and recovery phases), we computed the similarity between the extracted feature vectors X and Y . Although there are several traditional techniques such as Minkowski and correlation-based similarity scores 31 to measure similarity, all of them have 2 major drawbacks: (1) their practical efficiency reduces by increasing vector dimensionality because of the curse of dimensionality 32 (ie, a phenomenon in high dimensional space which prevents common data organization to be effective); and (2) they do not consider pertinent dependencies among measured features. Therefore, to overcome these challenges, we used an approach that is commonly used in graph theory. We modeled each feature vector using a k-nearest neighbor graph 33 and then calculated structural similarity between these graphs using a simple graph-matching approach. This method overcomes the related drawbacks to the traditional techniques because it models possible dependencies among frequency features using a network structure. We used a value of k=20, but also computed the results with k=10 and 30 without any substantial differences in the final results.
We used both feature vectors X and Y to construct 2 k-nearest neighbor graph graphs per subject (G X and G Y ).
An important benefit of the graph mining is that the feature vectors can be readily visualized in lower dimensional (ie, 2-dimensional) space while preserving the underlying geometric relationships between the features. We represent the features of X as vertices in the graph and connect each vertex to its k nearest neighboring vertices using Euclidean distance. This process makes an unweighted-undirected graph G X from X . The same process is performed to extract G Y from Y ( Figure 2C) .
Finally, we count the number of common edges that exist in both graphs and consider that as a structural similarity between 2 graphs. In this article, we refer to this as the graph similarity score (GSS). Unlike traditional techniques, GSS is able to capture the structural similarity of the seismocardiogram signal between rest and recovery phases because it considers possible dependencies of features using applied graph mining. Figure 2D shows a simple example of GSS calculation using 2 illustrative graphs. In this example, the GSS between the 2 graphs is 4 because 4 common edges exist between them.
Statistical Analysis
The calculated GSS between rest and recovery phases for the decompensated versus compensated patients were compared using the Mann-Whitney U test. In addition, the Wilcoxon signed-rank test was used to compare the changes in GSS for the patients with HF from admit to discharge (longitudinal study). The demographics of patients in the decompensated and compensated groups were compared using Student t test. The 6MWT walking distances, percent-predicted walking distances, and heart rates for the patients with HF from admit to discharge (longitudinal study) were compared using a paired t test. Means are expressed as mean±SD.
RESULTS
Of the 45 subjects enrolled in the study, 13 were decompensated hospitalized (ejection fraction: 0.24±0.11) and 32 were compensated ambulatory (ejection fraction: 0.35±0.15) patients with HF. There were no significant baseline differences between the groups in terms of demographics (ie, age, height, and weight; P>0.05 based on Student t test). Figure 3 shows representative seismocardiogram ensemble averages from rest and immediately after the 6MWT (recovery phase) and related G X and G Y graphs of a decompensated patient with HF (bottom) and a compensated patient (top). For the decompensated patient, the GSS value between G X and G Y is 55 and for the compensated patient, the calculated GSS value is 24. This result indicates the higher similarity in contractility and cardiovascular hemodynamics between rest and recovery phases for decompensated patients in comparison with compensated patients.
GSS Is Significantly Higher in Decompensated Than in Compensated Patients With HF, Suggesting a Reduced Cardiovascular Reserve for Decompensated Patients
These single subject representative results are consistent with the overall findings from all participants, summarized in Figure 4 (compensated versus decompensated). The calculated GSS values were significantly higher for the decompensated compared with compensated patients: 44.4±4.9 versus 35.2±10.6, respectively, P<0.01.
To understand the effects of the time duration during recovery (nominally selected as 60 seconds in this article) that is selected at the recovery phase to then compare against the rest phase, we recalculated the GSS metric with varying durations of the recovery phase for all the subjects and computed corresponding P values. The best result (most significant value) was found when the initial 1 minute of recovery was compared with rest phase. Incorporating a longer time interval (eg, 5 minutes) after the 6MWT reduces the differences between the decompensated and compensated groups because the cardiovascular system recovers back to the resting state for both groups of patients after exercise after a few minutes. Representative seismocardiogram (SCG) time traces from rest and recovery after the 6-minute walk test (6MWT) and associated G X and G Y graphs of a compensated patient with heart failure (top) and a decompensated patient (bottom). For the decompensated patient, the GSS value is 55 and for the compensated patient, the corresponding value is 24. This result demonstrates the higher similarity in SCG waveform structure between rest and recovery phases of the decompensated patient in comparison with compensated patient. The graphs also demonstrate the higher similarity for decompensated versus compensated states visually.
The absolute and percent-predicted 6MWT distance were significantly higher for the compensated compared with decompensated patients: 369±102 m versus 250±130 m for the compensated and decompensated patients, respectively, P<0.01; and 71±25% versus 41±20%, for the compensated and decompensated, respectively, P<0.01.
We computed GSS across NYHA class for all subjects, and we found a monotonic increase with respect to class. Patients with NYHA class I to IV symptoms had the following GSS values: 24.3±4.3, 36.8±11.4, 37±10, and 42.5±6.0. Statistical significance was only found in the differences between class I and all other classes.
GSS in Treated Decompensated Patients
With HF Decreases From Admission to Discharge, Indicating Improvement in Cardiovascular Reserve Figure 5 depicts results from the subset of decompensated patients with HF who participated in 2 sessions (longitudinal cases). The GSS between the rest and recovery phases was significantly higher on admission compared with discharge: 44±4.1 (admitted) versus 35±3.9 (discharged); P<0.05. In addition, 1 patient had a third visit as well. As presented in Figure 5 , that patient had an increased GSS in the third visit because of readmission due to acute kidney injury and associated volume overload.
For these same patients, the absolute and percent-predicted 6MWT distance also increased from 90.9±48.1 m to 115.5±37.3 m (P=0.33) and 30±19% to 36±16% (P=0.08), respectively, but the increases were not significant. The changes in heart rate in response to the 6MWT exercise increased slightly from admit to discharge (12.2±10.6 bpm to 13.5±11.6 bpm; P=0.66), but these increases were also not significant.
DISCUSSION
We have presented data demonstrating that a small, lightweight wearable patch for measuring changes in GSS in response to a controlled exercise protocol can The GSS between rest and recovery phases was significantly higher for the decompensated patients as compared with compensated; n=45 subjects (P<0.001). Figure 5 . Graph similarity score (GSS) for heart failure inpatients decreases from admit to discharge. Longitudinal results from a subset of the inpatient population for which the 6-minute walk test data were obtained when the subjects were admitted (left) and on discharge (right) after treatment. For all patients, GSS decreased at discharge as compared with when first admitted. Thus, as the decompensated patients were treated, longitudinal changes in the physiological response to exercise were observed in a consistent manner with the cross-sectional data from the overall cohort of subjects. One patient had a third visit as well and showed markedly increased GSS because of readmission due to acute kidney injury and volume overload.
differentiate between decompensated and compensated patients with HF. The results are consistent with physiological expectations: the decompensated (and more congested) patients have less cardiovascular reserve, and thus are not able to modulate their hemodynamics or cardiac contractility as effectively as the compensated patients during exercise. Importantly, for the 1 patient who was readmitted with abnormal volume status, a higher value of GSS (indicating reduced cardiovascular reserve) was found. For the longitudinal study evaluating within-subject improvements from admission to discharge, the calculated GSS showed a significant improvement (decreasing in GSS value) with treatment while other factors such as heart rate response to exercise, 6MWT distance, and percent-predicted distance did not show significant improvement. This result suggests that the GSS metric may be more sensitive to changes in patient status than these other more traditional measures of the responses of the cardiovascular system to exercise. Because the 6MWT distance itself has already been validated as a prognostic for patients with HF, these results are promising and motivate further studies for evaluating the technology in larger populations of patients with HF.
Although β-blockers impact cardiac contractility and thus might affect the seismocardiogram data, the differences in total β-blocker use were not significant between the 2 groups studied (decompensated and compensated patients). A total of 77% of the decompensated and 90% of the compensated patients were using β-blockers. Thus, we do not expect that the GSS differences between the 2 groups were confounded by β-blocker use. Future studies should analyze the effects of β-blocker dosage on seismocardiogram data and GSS.
Because the proposed graph analytic technique works based on multiple extracted features from the seismocardiogram signal, it is more robust to motion artifacts, day-to-day variability, and noise compared with conventional peak detection approaches. This machine learning algorithm can also potentially be implemented in a real-time monitoring system to evaluate the status of patients with HF because its time complexity is low. Indeed, the concept of using graph analytics as compared with single features of physiological signals can be applied more broadly to other cardiovascular signals as well, such as impedance cardiogram or photoplethysmogram waveforms. Conventional feature extraction approaches rely on the accurate detection of peaks in the time or frequency domain, and these peaks can often be corrupted by motion artifacts and other disturbances in practical recordings outside of laboratory or clinical settings. Tracking changes in the signals in the feature space, as enabled by GSS for example, reduces the burden on the extraction methods for each individual feature because the overall cloud of features is tracked in high-dimensional space rather than a single feature alone.
The research has several limitations that should be noted. Currently, the differentiation between the groups (compensated and decompensated) was not sufficiently large to facilitate classification of patient state; future work will be needed to enhance the ability of the algorithms to perform such classification. The approach requires the patient to perform a 6MWT and to stand still for at least 60 seconds before and after the test, which may be inconvenient. Nevertheless, such a procedure may only be required once per day or every other day, and it is possible that in future studies a less obtrusive stressor may be used while still preserving the accuracy of the derived features. In future work, we will investigate such approaches and define a dose response curve for decompensated and compensated patients relating GSS changes to activity dosage (eg, in units of estimated energy expenditure, distance walked, or time walked). Another limitation is the relatively small population of patients in the longitudinal study. Although significant results were obtained, the number of participants is small and must be expanded in future studies to better evaluate the potential advantage of this approach compared with heart rate and activity monitors. Specifically, this small single-center study will require replication in larger prospective trials in multiple sites. An important characteristic of the patch system described here is that, in addition to hemodynamic measurements, high-quality ECG-based heart rate and rhythm and accelerometerbased activity data are also inherently collected. Thus, the seismocardiogram-derived features are supplementing existing technologies rather than attempting to replace them, providing the opportunity for fused metrics of improving or worsening condition using a single wearable device. In addition, the compensated/decompensated status of each patient was known to the investigators because this was a first proof-of-concept study; future studies should use a blinded assessment to determine whether GSS can predict clinical status. Finally, the measurements described in this article were obtained in a controlled, clinical environment only, and the results at home in unsupervised settings may be of lower quality than the data obtained here. In future work, the wearable patch will be tested in patients at home to determine whether markers of increasing congestion can be successfully derived toward ultimately titrating care based on the noninvasive physiological measurements from the system.
CONCLUSIONS
We have shown that a wearable device capable of recording electrical and mechanical aspects of cardiac function and graph mining techniques analyzing cardiac response to submaximal exercise can be used to
